Recently, there is a growing interest in the sequence analysis. In particular, the next generation sequencing (NGS) technique fragments the base sequence and analyzes the functions thereof. Its essential role is to arrange pieces of the base sequence together based on sequencing and to define the functions. The organization of unarranged piece of sequence is one of the active research areas; moreover, definition of gene function automatically is a popular research topic. The previous studies about the automatic gene function have mainly utilized the method that automatically defines protein functions by using the similarities of base sequence or the disclosed database and the protein interaction or context free method. This study aims to predict the category of protein whose function was not defined after learning automatically with GO by extracting the characteristics of protein inside the cluster. This study conducts clustering by using the protein interaction that is generated by the similarities of base sequence under the assumption that the proteins inside the cluster have similar function. The proposed method is to show an optimized result in accordance with the option after finding the option value that can give the outperformed prediction of GO, which classifies the functions based on the IPR and keywords inside the same cluster as the unique features.
Introduction
There is a growing demand to automatically predict the protein functions since there is a growing interest in the DNA analysis due to the development of technical equipment. Sequencing the sequence, which is composed of pieces, in the order is the basic technology of NGS. However, the studies to seek a method to predict automatically the protein functions or the so-called connected contig are being actively undertaken. The conventional method to predict the protein functions is to make groups as relevent functions mainly based on experiments. However, this method reached the limit in terms of time and efforts due to an increase in the quantity of data. In recent years, there have been a large amount of studies on the method to predict the protein functions in the most effective way by finding the relationship with the classifiers automatically through finding the features that can identify the functions.
The most basic protein classifier method is the method of defining the structure or functions through the protein family DB or finding the homology after determining the similarities between the sequences by using the sequence similarities program such as BLAST. One of the simple methods to define the protein functions automatically [1] is the method of conducting one-to-one mapping on the features and functions of protein. The most prominent example is InterPro2GO [2] . InterPro is protein domain database and GO is controlled vocabulary for gene annotation. GO is broadly subdivided into the three categories since it is the controlled vocabulary to annotate the functions of gene of various organisms and also it consisted of the hierarchical structure. InterPro2GO is the method that consisted of a simple manual mapping between InterPro term and GO term; this mapping table is made by checking the conserved common annotation and finding the specific level of GO term from the relevant family. This method is still possible to obtain InterPro by using InterProScan [3] even when one is not being able to know InterPro term just like a new sequence whose function is not defined. In addition, the study on a simple mapping work as to the GO annotation has been conducted in GOA [4, 5] projects.
Mathematical Problems in Engineering
Moreover, there have been some studies in which the accuracy as to the prediction was enhanced as compared with the conventional simple mapping method by defining the categories of features and protein functions more specifically with the machine learning method after extracting the DB based on the sequence similarities and the features based on the similarities [6] [7] [8] [9] [10] . The method for the protein prediction models using protein-interaction is being also utilized as a protein function classifier method [11, 12] in addition to the studies that defined the features and functional categories through the mathematical models or patterns. Enright et al. suggest the probability for the protein of each interaction using Bayesian [12] ; thus, it suggested the probability of having functions unlike those conventional methods that would predict based on whether to "have relevant functions" or "have no relevant functions" [13, 14] . MCL [12] is the method of clustering by giving Option " " in accordance with the mutual correlation between proteins by Markov model using the BLAST outcomes that is mainly used to measure the sequence similarity. Option " " is the value to conduct the inflation and expansion in the Markov model; thus, it is possible to see the changes of elements inside the clustering depending on the value of . Another function prediction method is the context-free method; it utilizes the context of several DBs of Uniprot or PubMed [15] .
The research about sequence clustering algorithm is also one of the methods to attempt to group the relevant biological sequences. MCL [12] is a graph based unsupervised clustering by employing the Markov. BLASTClust [16] is an application of clustering the sequence by the single-linkage clustering. CD-HIT [17] is a fast method for clustering protein using the greedy algorithm. If a sequence is sufficiently similar to some clusters, that sequence is assigned to it; otherwise, make a new cluster. UBLAST [18] makes a cluster using USEARCH algorithm which searches high-scoring global alignment. Among these sequence algorithms, MCL provides unsupervised clustering option by the value, which is able to look for the optimized performance by the sequence similarity; thus MCL is used as a clustering method at this suggested model.
The proposed model is to predict the classifier of that function by training the relationship with the features [19, 20] after clustering through protein-interaction. Proteininteraction makes a relational graph by using MCL tool based on the sequence similarities of protein, resulting in making a clustering for the protein. Protein inside the same cluster can be assumed to have similar functions. Yi et al. and Nhat et al. clustered by using the GO of gene and compared the results hereof with the other clustering algorithm [21, 22] . This study shows that there is a constant correlation between GO and clustering. In other words, protein inside the clustering can be explained to have the same GO since it performs a similar function. Based on this idea, that proteins in the same cluster can have similar GO, the suggested method seeks the related features. The features used in the proposed model are InterPro and keyword. They already proved the relationship between InterPro and GO in [23] [24] [25] . In conclusion, the purpose of this research is that the investigation of the relationship between selected feature such like IPR, keyword, and GO term within the cluster. The clusters make groups by the sequence similarity. This study is managed as follows. It described the relationship diagram as to the model and test method that would describe and learn the properties of data used in Section 2 and also mainly stated the detailed description as to the learning model and test method. In Section 3, the most optimized option value of the proposed model is to be presented by comparing and analyzing the result values based on the model explained in Section 2. In Section 4, the conclusion and future direction are to be presented.
Method

Data Set.
As for data, Saccharomyces cerevisiae's data was utilized at Uniprot. The features to be used are GO (gene ontology) and IPR in DR (database cross-reference) and keyword in the KW (keyword) line from FLAT format. The gene ontology (GO) is a controlled vocabulary of terms to describe protein functions. It consists of the three large categories that include "biological process, " "molecular process, " and "cellular component" and it is uniquely composed of the hierarchal structure. InterPro terms [26] are defined in the InterPro database, which is a curated protein domain database that acts as a central reference for several protein family and functional domain databases, including Prosite, Prints, Pfam, Prodom, SMART, TIGRFams, and PIR SuperFamily. We have previously shown that InterPro was an important source of features for identifying GO terms for proteins [25, 27] . Keyword performs the important role of reference for sequence as a predefined entry based on the functions, structure, or other categories. Among the extracted Saccharomyces cerevisiae data, those proteins not having GO were excluded and IEA (Inferred Electronic Annotation) out of the evidence codes of GO was not utilized. IEA is the property that was automatically extracted from the database, and usually it is not the feature that was revealed experimentally by manual. Thus, it is inappropriate for creating a model based on the calculating technique. To summarize, those proteins having at least one IPR or keyword while having more than one GO among the data of Saccharomyces cerevisiae were utilized as the data. As shown in Table 1 , a total number of proteins used were 5,285. A total number of GOs owned by these proteins were 4,673, whereas a total number of IPRs and keywords owned by these proteins were 4862 and 461, respectively.
To verify the validity of the proposed model and find the optimized option by using the above data, the 10-fold cross validation technique was utilized. The 10-fold cross validation utilizes a certain part of data as the learning model and another part as the test. In other words, it is mainly utilized when testing the validity whether or not, the proposed method is correctly performed, or finding the optimal parameter values of the proposed model. On average, one-fold consisted of approximately 520 proteins by dividing the proteins into 10 subsets randomly and only one subset out of those subsets is to be used as the testing data and the remaining 9 folds are to be used as the training data. All the protein data can obtain test results by the data learned by the data that excludes oneself one time through conducting the aforementioned task for each fold.
Training Method.
Firstly, the training model executes BLAST in order to conduct the learning for the folds that consisted of the 9 subsets. BLAST is the program to determine the similarity between sequences; thus, it is the precedent phase process to execute Markov Cluster Algorithm (MCL), which is the program for creating a cluster. MCL algorithm is an unsupervised algorithm that can vary the cluster size promptly and variably based on graph. It is possible to create a matrix that can determine the similarity of sequence for each protein by using BLAST. The data to be expressed in the matrix at this point can become a real number or binary number such as -value. The matrix becomes a node for each protein and can draw a graph by creating a weighted edge by the similarity of connection. Also, it can cluster with a certain threshold value in this graph. In the used training data, -value option value was set at 0.01 when executing BLAST.
-value tends to have more similarity when being closer to 0. It represents all the cases that are shown when there is no option as to cut off; thus, the threshold value was set at 0.01 in order to reduce the weight as to those proteins whose similarity was small in terms of graph configuration by setting -value. Second, value, which was the option value of MCL, was set at various values. is the value to execute the inflation and expansion in the Markov model; thus, it is possible to obtain the optimized MCL results with the modified value. The purpose is to find which parameter represents the optimal result condition by setting with the four methods of 1.4, 2, 4, and 6. Figure 1 represents the number of proteins owned by each cluster ID when the default value of is 2.0. As shown in the figure, there is a large quantity of proteins inside one cluster as for those clusters whose cluster ID number is small. However, those IDs with a higher number have a small quantity of proteins inside the cluster. In addition, it was found that it would be changed to a graph of long tail in accordance with value.
As shown in Figure 1 , the number of proteins in each cluster may be 2 or less. In other words, only the internal proteins belong to the corresponding cluster and at least one is to be used as the learning data and another one is to be used as the test data. Thus, those cases in which the number of proteins inside the cluster is less than one are to be excluded. This option is stipulated by Cutoff 2. As a result, 627 clusters are used as data. In addition, it is set in the cases of more than 5 (Cutoff 5) and 10 (Cutoff 10) to confirm the test results.
To express the common IPR, GO and keyword for each feature in each cluster in a formula, it can be derived from 1  29  57  85  113  141  169  197  225  253  281  309  337  365  393  421  449  477  505  533  561  589 the following formula. IPR means IPR owned by Protein . The following can be derived by this formula,
Protein contained in the cluster has n units and IPR contained in each protein has the quantity of . at this point may vary for each in the cluster. GO and keyword can be expressed as shown in the following formula. and mean GO and keyword owned by each protein in the cluster and the quantity may vary depending on Protein .
The formula derived by the above two formulas is as follows. This formula stands for the common IPR, GO and keyword in each cluster, which is used as a training information.
=1 means a total number of Cluster ID and there is a total of cluster IDs and the proteins in each cluster ID are to be expressed by . The common IPR, GO and keyword owned by the proteins of each cluster can be expressed by IPR , GO and KW , respectively. In short, the flow chart of the procedure as to the testing is as shown in (a) in Figure 2 . It is required to first execute BLAST using the learning data and set the -value cutoff value at 0.01 at this point. It is then required to obtain the result composed of the 4 clustering results for each training data through the 4 Option by using the BLAST results. At this point, it is required to examine whether the common IPR, GO, and keyword owned by all the proteins inside each cluster is as many as the number of clusters. The protein in which the common IPR and keyword exist while there is at least more than one common GO in each cluster is defined as the learning data. When the number of proteins inside the cluster is 2, 5, or 10, each of these cases is defined as Cutoff 2, Cutoff 5, and Cutoff 10. As for Figure 3 , the corresponding cluster has the three proteins (MCFS1 YEAST, MCFS2 YEAST, and YM60 YEAST) when is 1.4 and the cluster ID is 292 and it has GO:00051792 jointly, which is expressed in blue. IPR and keyword also have "IPR000952, " "IPR000073, " "IPR012020, " "hydrolase, " "reference proteome, " and "complete proteome" in common, which are represented in green and yellow, respectively. As for cluster ID 292, the number of proteins inside the cluster is 3; thus, it becomes the trained result that belongs to Cutoff 2. Nonetheless, it would not belong to Cutoff 5 and Cutoff 10, since the number of proteins inside the cluster is less than 5 or 10. Table 2 represents the percentage as to the mean number of proteins of 10-fold in accordance with each Option when it is Cutoff 2 in the training result. For instance, the first-fold among the 10 folds when is 1.4 has a total of 444 clusters and there are only 2 whose number of proteins inside the cluster are more than 10 while having at least more than one GO inside the cluster in common and having IPR and keyword as well. When converting it into percentage, it becomes (2/444) * 100 = 0.4 and 0.67 is its mean value as shown in Table 2 when obtaining the mean value of other 2∼9-fold. In other words, it can be regarded as the mean probability distribution as to the number of proteins in accordance with Option as the learning data of 10-fold. When is 1.4, 2, 4, and 6, has 63.15, 69.43, 76.67, and 77.75, respectively, when the number of proteins inside the cluster is 2. Mostly, the number of proteins inside the cluster tends to be small.
Testing Method.
The flow chart of the procedure as to the testing is as shown in (b) in Figure 2 . As a result of training model, each cluster ID has the common IPR, GO, and keyword (Figure 2-B) . The test data first executes BLAST to test the sequence similarity just like the training method as shown in shown in Figure 2-(b) . At this point, DB and query that executes BLAST utilize all the proteins used in the training as well as the test proteins. MCL conducts clustering based on the BLAST result; thus, the cluster ID in which the test data belongs can be obtained only when including the training data containing the test. It is required to find the cluster ID obtained from MCL for each tested protein ( Figure 2-C) and confirm whether the corresponding cluster ID has the common IPR, GO, and keyword in the results obtained by the training model (Figure 2-D) . At this point, the matching probability of IPR and keyword was set at more than 0.5. For instance, the test protein FKBP CANAL has the 4 GOs, 2 IPRs, and 4 keywords (Figure 4 ). This protein belongs to cluster ID 85 and the proteins belonging to cluster ID 85 are shown to have the 5 common features such as "IPR001179, " "IPR023566, " "reference proteome, " "complete proteome, " and "isomerase" by referring to the data generated by the learning (Figure 2-B) . The test protein FKBP CANAL shows that the 5 features out of the 7 features of IPR and keyword are matched. The matching probability is more than 0.5; thus, GO:0003755 is to be set as the prediction GO of FKBP CANAL. As for this protein, the accuracy is 0.25 since only one GO (GO:0003755) is predicted out of a total of 4 GOs (GO:0008144, GO:0003755, GO:0035690, and GO:0000413).
The formula thereof is as follows. If the protein to be test is Test , it will be possible to obtain a cluster ID to be obtained by the result of BLAST and MCL ( ) of the proteins to be tested is more than 0.5, then the prediction will be conducted by GO ( GO ) of the proteins to test the common GO owned inside the cluster Figure 5 represents the number of proteins that had at least more than one GO by the proposed method in accordance with the Option and cutoff value of MCL. At this point, the three cutoff options mean that the minimum numbers of proteins inside each cluster from the data generated by the training model were more than . For example, "Cutoff 10" represents that the numbers of proteins in each cluster are more than 10. Absolutely, cluster should have more protein if the cutoff option is small. The more data can be utilized as a learning data, if the cutoff option is larger; thus, the number of predicted proteins would also be larger. However, the accuracy thereof would be lower with a smaller number of proteins learned inside the cluster. In the case of Cutoff 5, in other words, the date learned by at least more than 5 proteins, it will represent the largest number of predictions when is 2. In addition, it will be shown that the number of predictions will slow down gradually from = 2 option in the case of Cutoff 10.
Performance Evaluations
MATCH PROTEIN COUNT, MATCH PROTEIN GO COUNT, and UNDER THRESHOLD when was 2.0 based on the diagram of Figure 5 were investigated ( Figure 6 ). MATCH PROTEIN COUNT is the protein having more than the predicted GOs as to the case where is 2.0 by the entire learning data. Since all proteins are not predicted correctly, the numbers of proteins as to the case in which the accurately predicted GO were matched by comparing with the actual test data were defined as MATCH PROTEIN GO COUNT. The gap of MATCH PROTEIN COUNT and MATCH PROTEIN GO COUNT is incorrectly predicted GO. On the other hand, those proteins that could not have GO since IPR or keyword were matched with less than a certain threshold, which is defined as 0.5 in this experiment, were defined as UNDER THRESHOLD. As for Cutoff 2, a large quantity of proteins had GO as expected when the number of proteins inside the learned cluster were at least more than 2. However, IPR and keyword were not matched since a majority was below the standard level; thus, there were many proteins that could not be predicted. As a result of Figures 5 and 6 , the accuracy was enhanced with a higher cutoff value; however, the optimal condition was the case in which was 2 and the cutoff was 5 since the number of predicted proteins was reduced. In other words, it was confirmed that they would be meaningful as the learning data only when the number of proteins used for learning inside the cluster was at least more than 5. 
Accuracy range of prediction of GO Figure 4 are GO:0008144, GO:0003755, GO:0035690, and GO:0000413. Of those, the accuracy was 0.25 by predicting GO:0003755. Using the number of GOs that was originally owned by UniProt and suggested method, it represents the prediction possibility of GO by the 10 fold cross validation and the horizontal axis means the percent within the scope of prediction accuracy. 0.9 represents the ratio between 0.9 and 1 and it is represented as a relatively high percentage since it is approximately 20 percent. A value of higher than 50 percent means the accuracy of 0.3 or higher. It is represented as the one to predict at least one GO out of the 3 GOs that have protein. It shows that the accuracy is high in the case where there is GO predicted through the suggested model.
Conclusions
This study conducted clustering under the assumption that the functional classifier inside the cluster had similar functions and utilized the features extracted inside the cluster as the learning data. When finding protein whose function is unknown, the model that predicts GO (or the controlled vocabulary) was defined through the learning and learned data documents of those proteins whose function was already Mathematical Problems in Engineering 7 defined. This is the existing functional prediction, which is the method to harmonize appropriately those frequently used methods such as sequence similarity, protein-interaction, and context-free; thus, it could increase the prediction probability of GO.
However, in the case of used MCL cluster, the proteins in the cluster are often small in number with two or three higher serial number. When the number of proteins inside the cluster is small, they might not be able to perform the role of a cluster that would bind similar functions of protein since they are divided into pieces. The objective is to create a model to increase the GO predictability by using the features other than IPR and keywords as increasing the number of proteins inside the cluster by applying the other cluster methods in addition to MCL.
